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Abstract—Patient motion is well-known for degrad-
ing image quality during medical imaging. Especially
positron emission tomography (PET) is susceptible
to motion due to its usually long scan times. In
hybrid PET/MRI (magnetic resonance imaging), si-
multaneously acquired dynamic MRI data can be
used to correct for motion. Usually, MRI model-based
motion correction approaches are applied to the PET
data. However, these approaches may fail for non-
predictable, irregular motion. We propose a novel
approach for the continuous and real-time tracking
of motion using highly accelerated, dynamic MRI
for an accurate motion estimation. For this purpose,
a TurboFLASH sequence is utilized in single-shot
mode with additional exploiting GRAPPA accelera-
tion. Sampling frequency for one slice is up to 26 ms
and 520 ms for one 3D volume of 20 coronal slices.
Principal component analysis and a phase-sensitive
resorting of slices is performed to restore temporal
consistency of the volumes. Motion is estimated from
these volumes using hyper-elastic registration. The
approach is validated with the help of a dynamic
thorax phantom as well as with eleven healthy volun-
teers. Phantom ground-truth data demonstrates that
the approach produces an accurate motion estimation.
Volunteer validation proves that the approach is also
valid for different respiratory amplitudes including
highly irregular breathing. The approach could be
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proved to be promising for a continuous PET motion
correction.
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I. INTRODUCTION
Patient motion during long scan sessions is a
well-known image degrading factor in medical
imaging. In magnetic resonance imaging (MRI) the
effect of motion emerges in form of geometric
distortions due to incoherent k-space sampling, im-
age blurring or ghosting artifacts. Even very small
motion amplitudes can corrupt and diminish the
diagnostic quality of the data [1]. In clinical thorax
imaging, patients are therefore asked to hold their
breath during image acquisition. This procedure is
mandatory as in most of the cases the sampling
frequency for one slice or partition of MRI data is
insufficient to capture a sharp, motion-free image
during free-breathing. However, patients are often
incapable of holding their breath for this amount of
time and repeatedly over a series of acquisitions.
Therefore, there is a large number of publications
addressing the field of free-breathing MR for the
sake of the patient’s comfort, [2], [3], [4], [5].
A simple solution to this problem is to continu-
ously track the motion and only acquire data dur-
ing quiet episodes of breathing (triggering). How-
ever, the major disadvantage of this method is the
severely prolonged scan time which, in turn, can
lead to patient distress.
In general, all methods rely on external or inter-
nal (data-driven) signals describing the motion. This
motion tracking can be achieved with various ap-
proaches. Pressure-sensitive respiratory pillows can
be used to measure the lift of the abdominal wall
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2during lung expansion. However, it has been shown
that the correlation of the external pillow signal and
the internal organ motion is relatively low in many
cases [6]. Furthermore, external hardware requires
careful handling and potentially shifts during the
scan which may corrupt the tracking.
To find a surrogate with a high correlation to
the organ motion, navigator-based motion tracking
methods may be preferred. For this purpose, the
investigator chooses a small region on the image
data itself, e.g. liver edge for respiratory tracking.
This region is repeatedly acquired and evaluated
throughout the entire scan time. A 1D surrogate
signal is then calculated from the intensity profiles
of the navigator region. The navigator acquisition
requires a special additional excitation which is
interlaced between the read-outs of the anatomical
sequences. This technique again prolongs the scan
time.
In the last couple of years, real-time MRI has
risen to be one of the most promising new techno-
logical developments in many applications of MRI
[7], e.g. cardiovascular imaging/angiography [8],
arthrology [9], [10], or fMRI [11]. The method
opens the possibility to not only image internal
and external body movements in real-time [9], but
it can also drastically reduce scan time. Real-time
MRI refers to a high sampling frequency often
achieved by an undersampling of k-space. However,
reconstructing a highly undersampled (sparse) k-
space leads to severe imaging artifacts. Therefore,
this sparse acquisition is usually combined with iter-
ative (non-linear) inverse reconstruction algorithms
dealing with the sparsity of the k-space and thereby
minimizing undersampling artifacts.
In the field of motion detection and correction
of simultaneously acquired positron emission to-
mography (PET) data in hybrid PET/MRI, most
methods utilize a 3D approach of the described real-
time MRI acquisition and reconstruction schemes.
For instance, Block et al. [12] and Grimm et al. [13]
use a golden-angle radial stack-of-stars sampling
scheme with phase-encoding in z-direction, whereas
Kolbitsch et al. follow a very similar approach
with a 3D golden radial phase encoding (GRPE)
in the x-y-plane [14], [15], [16]. A respiratory
surrogate signal is derived through analysis of the k-
space center (self-gating) which is acquired in every
volume repetition. Using this signal, the k-space
lines (spokes) can be sorted into different gates
belonging to different respiratory phases (e.g. max-
imum expiration to maximum inspiration). These
gates can be reconstructed individually and used for
the creation of motion vector fields which can be
used to motion-correct the PET data.
The major limitation of these methods is that it
is either necessary to acquire many spokes to be
able to reconstruct an image with few artifacts or to
reconstruct the data with computationally expensive
compressed-sensing algorithms. Most approaches
for the motion correction of PET data in hybrid
PET/MRI use model-based schemes [17]. In these
schemes, MR-based motion data is acquired only
for a short time section of the entire PET scan time
to allow other diagnostic sequences during one PET
acquisition. Subsequently, this motion data is used
to correct for motion of the entire scan time. These
approaches assume a very periodic motion pattern.
Changing breathing patterns, irregular motion or
baseline changes during the PET scan can not be
accounted for correctly. However, the unique feature
of hybrid PET/MRI scanners is the simultaneous
acquisition of PET and MRI data. Therefore, MR-
based motion data can be derived throughout the
whole PET scan duration to achieve an exact motion
correction.
The main goal of this study is the demonstration
of a novel approach for continuous and real-time
motion detection with a fast 2D MRI sequence pro-
viding precise spatio-temporal motion vector fields
for whole-body PET/MRI. The present work is part
of an exact motion correction approach for whole-
body PET data in hybrid PET/MRI, while this study
focuses on the MR-based motion estimation.
II. METHODS & MATERIAL
A. Data acquisition
All acquisitions in this study were performed
on a Siemens Biograph mMR (Siemens Healthcare
GmbH, Erlangen, Germany) 3T hybrid PET/MRI.
The sequence used for the acquisition is a cartesian
TurboFLASH sequence. For a fast acquisition, we
3used the single-shot mode of the sequence and
exploited the parallel acquisition technique (PAT)
functionality of the scanner. To enable a large
acceleration factor of PAT=8 while maintaining
the signal-to-noise ratio (SNR), we utilized a 32-
channel phased-array cardiac coil (In Vivo Cor-
poration, Gainesville, FL, USA) consisting of an
anterior and a posterior part.
This study mainly focuses on thoracic motion.
Therefore, the coil was approximately centered at
the sternum to image large parts of the lungs, the
heart and the liver. Figure 2 shows an example of
the image data that was acquired with the sequence.
For all scans, 20 coronal slices per volume were
acquired with an in-plane spatial resolution between
3.1 x 3.1 mm2 and 3.9 x 3.9 mm2 (FoV of 400-
500 mm2), a slice thickness of 6.0-7.0 mm, TR =
26-35 ms, TE = 1.3 ms, bandwidth = 1953 Hz/px
and an acceleration factor of PAT=8 using GRAPPA
parallelization [18]. Due to the single-shot function-
ality of the sequence, one slice is acquired during
one TR. The sampling frequency for one slice was
up to 38 Hz and up to 1.9 Hz for a volume of 20
slices, respectively leading to an acquisition time of
520-700 ms per volume. A scan time of 10 minutes
resulted in 900-1000 3D volumes. Moreover, slices
were acquired in interleaved mode. In this mode,
all even slice positions were acquired before the
odd slice numbers. This technique is usually utilized
to avoid cross-talk between adjacent slices. Here,
we used this scheme to sample almost the entire
volume extent twice in one volume repetition. This
way, the central parts of the body showing the most
prominent motion, namely the liver dome and the
heart, were sampled regularly with only half of the
full-volume repetition time.
B. Volume creation and motion estimation
The post-processing workflow is depicted in Fig-
ure 1. All steps were automatized and implemented
in MATLAB (The MathWorks, Inc.). As data is
acquired in 2D, there is always a slight temporal
offset between the adjacent slices of a volume (see
Figure 2) which has to be corrected to avoid errors
in the motion estimation. For this purpose, we used
respiratory surrogates for every slice position.
1) Respiratory surrogate via PCA: The first step
in the post-processing was the determination of res-
piratory surrogate signals. These were determined
using the principal-component analysis (PCA). Sim-
ilar techniques using PCA have been utilized before
for the determination of respiratory or cardiac traces
in various modalities (e.g. [19], [20], [21]).
The first principal-component represents the
component with the largest variance. In a dynamic
image series, this usually refers to respiration. The
advantage of using PCA for the determination of
surrogate signals is the automatability as neither
a navigator has to be selected manually on the
image data nor additional hardware (e.g. respira-
tory pillow/belt, tracking devices, etc.) is needed.
Furthermore, the first principal-component of the
PCA by itself is independent of noise.
The PCA was performed on each of the 20 slice
positions over time. The weights of the first compo-
nent were extracted and used as respiratory surro-
gate. These surrogate curves each have a temporal
resolution of 520-700 ms (native volume repetition
time). To further increase the temporal resolution,
the time points of two adjacent central slices (e.g.
slice 10 and 11, being half of the volume repetition
time apart) were interlaced to a single signal. A high
cross-correlation coefficient of R>0.98 between the
two signals ensured accordance of both curves.
Figure 3 shows the extracted first PCA weights for
every slice position an exemplary data set. Note that
even in the most lateral slice positions (1, 2, 3 and
18, 19, 20) a reliable PCA signal could be derived.
2) Temporally consistent volumes: To finally
achieve temporally consistent volumes, the slices
have to be resorted. As all slices have different
sampling time points, the time points of the com-
mon surrogate signal were used as reference. At
each time point of the common signal, amplitudes
on each of the 20 slice positions were interpolated
linearly. As the signals were densely sampled, er-
rors due to interpolation were negligible. Matching
slices for every time point were searched within
all available slices. Ten slices with the smallest
euclidean distance in terms of respiratory amplitude
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Fig. 1. Workflow of the post-processing. After data acquisition, slices are resorted with the help of PCA-based surrogate signals to
create temporally consistent volumes. To improve SNR, slices showing the same resp. amplitude are averaged before residual noise
is remove with TGV. Motion is then estimated with hyper-elastic registration.
Fig. 2. Volunteer data acquired with the TurboFLASH sequence:
(left): sagittal slice through heart, (middle): transversal central
slice, (right): sagittal slice though liver. Temporal resolution was
35 ms/slice, 700 ms/volume. The temporal offset between even
and odd slices is clearly visible in the form of a stepped liver
edge.
were averaged (respiratory phase-sensitive averag-
ing) and sorted into the new volume. We chose this
number of slices as a balance between improvement
of SNR and phase conformity. In all analyzed cases,
the mean deviation (euclidean distance) of the found
slices to the interpolated amplitude was smaller
than 2% (of the maximum amplitude of PCA-based
signal) in a 5-minutes scan. This deviation was not
visible in the image data and was thus considered to
be sufficiently accurate for the averaging. Using this
scheme, the temporal intra-volume offset was elim-
inated while the temporal resolution of the volumes
was artificially doubled and SNR was improved.
Figure 4 demonstrates the volume resorting. SNR
was measured by the following equation [22]:
SNR = 0.655 · Sliver
σnoise
(1)
where Sliver is the average intensity inside of
a ROI in a homogeneous region, in this case the
liver, and σnoise depicts the standard deviation of
intensity values inside of a ROI placed in noisy
regions of the image outside of the anatomy. The
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Fig. 3. PCA-based signals (weights of 1st component) of every
slice position (top). The collection of signals shows that the
respiratory signal could be reliably derived from every slice
position. Slices 18-20 show a lower amplitude as they are slice
positions on the posterior edge of the FoV showing the back
region of the volunteer. The blue and red signals are central
slices used as a common surrogate for the resorting.
constant factor of 0.655 corrects for the Rician noise
characteristics of the MRI images, as proposed in
[22].
3) TGV image denoising: As the data was ac-
quired with a very high acceleration factor, SNR
was potentially low by SNR ∝ 1√
PAT
with accel-
eration factor PAT [23]. This may be detrimental
to the calculation of the vector fields. Therefore,
noise in the image data was removed with an it-
erative total generalized variation (TGV) denoising
approach. For detailed information on this method,
refer to [24], [25].
With this method, data was denoised while simul-
taneously preserving edges that are important for an
exact motion detection. Prior to this study, we tested
several parameter sets and picked the following for
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Fig. 4. Slice resorting scheme: data was acquired in interleaved order. Even and odd slices were treated as separate sub-volumes.
Every sub-volume (red cross) was supplemented (green circle) with slices from the other sub-volume (gray dot) with respect to the
PCA-based respiratory curve. This process was conducted with every slice position. This way, the number of volumes was doubled
(artificial doubling of the sampling frequency) while simultaneously respecting the real motion state.
all data sets according to visual improvement of the
image data: α1 = 1 and α0 = 0.05 (see [24]). It
could be proved to be valid for all data sets acquired
with the same acquisition parameters.
4) Motion vector fields: In a last step, motion
vector fields were determined using a hyper-elastic
multi-level image registration provided by the FAIR
toolbox [26]. The hyper-elastic regularization ex-
pands the linear elastic to a non-linear model lead-
ing to more reliable registration results [27], [28].
The hyper-elastic regularization individually con-
trols length, area and volume of the transformation
through weighting parameters αlength, αarea and
αvolume. For a detailed explanation of the method
see [27], [28].
Here, we used 7 resolution levels and the fol-
lowing hyper-elastic parameters: αlength = 10,
αarea = 0.1, αvolume = 0.1. The computational
time for the registration of one volume was less
than a minute on a single CPU core (Intel Xeon
CPU @ 2.30GHz).
Each volume was registered to a reference vol-
ume which was chosen - in the context of hybrid
PET/MRI - with respect to the attenuation map
acquired for the attenuation correction of the PET
data. To this end, the correlation between all MRI
volumes and the standard DIXON water image was
determined to find the correct respiratory phase of
the attenuation map. The best correlating volume
was chosen as the reference volume.
Fig. 5. After resorting, the SNR was increased by averaging
ten of the best phase-matching slices (phase-sensitive averaging)
and additionally denoised using TGV. After this process, motion
was estimated using hyper-elastic registration.
C. Phantom validation
To validate the method, MR data of a dynamic
MR-compatible anthropomorphic thorax phantom
described in [29] was acquired. The phantom con-
sists of a thorax with inflatable lungs, moving and
beating heart (left ventricle), a moving diaphragm,
a liver compartment, and a small fillable lesion.
A maximum respiratory lift (lesion displacement)
was pre-set to 20 mm for the phantom acquisition.
TurboFLASH MRI sequences were acquired under
respiratory and cardiac motion for 4.5 minutes with
a TR = 26 ms, 3.9 x 3.9 x 7.0 mm3 voxel size at a
matrix size of 128 x 128 x 20 px.
Additionally, the phantom was scanned without
motion in end-inspiration and end-expiration phase.
The respiratory cycle was set to 0.14 Hz (3 s
inspiration, 4 s expiration). The frequency of the
respiration was modified with a slight variation so
that the signal shows a more realistic pattern. The
variation was achieved by randomly varying the
6opening and closing time of the pneumatic valves
of the phantom. For all dynamic experiments, the
sensor signals of the respiration were recorded in
log files.
In the analysis of the data, the resorting method
was validated by a geometric comparison of the
phantom’s liver edge acquired in static mode. The
motion detection was evaluated with the help of the
sensor signals of the phantom. Furthermore, calcu-
lated motion vectors were analyzed and compared
to the known motion of the phantom.
D. Volunteer experiment
In addition to the phantom experiment, we tested
the MRI sequence on 10 healthy volunteers. All
volunteers provided written consent for the scans.
Scan duration in these scans was between 1 and
10 minutes. No breathing instructions were given
to the volunteers to mimic realistic free-breathing
imaging. One additional volunteer was asked to
breath with varying patterns which should include
deep breathes. In all cases, we compared the de-
termined motion vectors in the liver area to a
manually determined maximum displacement of the
liver edge.
III. RESULTS
A. Phantom validation
Figure 6 displays the correlation of the weights of
the first principal-component and the actual analog
signal from the phantom. The Pearson correlation
coefficient was determined to be r>0.98 for the two
curves. Furthermore, the variation applied to the
pneumatic system can clearly be observed in the
PCA signal.
A slight temporal offset between even and odd
slices could be observed at the liver edge in sagittal
image direction (Figure 7). After the slice sorting
and the phase-sensitive averaging using TGV de-
noising the offset was eliminated. The shape of the
liver edge now matches the shape extracted from a
static scan in every motion phase. Pearson correla-
tion between the reference and the resorted volume
was increased from r=0.83 to r=0.99. The SNR
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Fig. 6. Phantom sensor signal (ground-truth) vs. weights of 1st
PCA component. The PCA signal shows a good accordance to
the signal from the analog read-out of the phantom. The applied
ground-truth frequency of 0.14 Hz can be identified with the
PCA signal. The Pearson correlation coefficient of both signals
is determined to be r>0.98.
B CA D
Fig. 7. Result of the resorting. (A): coronal slice indicating the
slice position of the sagittal slice, (B): liver edge with visible
temporal offset between slices manifesting as stepped contour
(arrow). The offset results from the slightly different acquisition
times of the slices, (C): the liver edge contour is completely
restored, compared to the static reference (D)
was improved through the averaging and additional
TGV denoising from 10.8 to 38.6.
Motion vector fields determined with these new
volumes using hyper-elastic registration showed
plausible properties regarding vector amplitudes and
angles in different regions. Figure 8 depicts three
respiratory phases and the respective motion vector
fields. For the vector field from end-expiration to
end-inspiration (maximum displacement of 20 mm
pre-set) the mean vector length for the liver area
was determined to be 19.1 mm. The rigid up-and-
down movement of the liver compartment was also
reflected by the motion vectors. The phantom’s
heart is pushed in cranio-lateral direction. This
motion could also clearly be observed in the motion
vectors.
B. Volunteer experiments
A comparison of manually determined liver dis-
placement and analysis of the motion vector fields
is depicted in Table I. Figure 9 shows image data
of volunteers and their corresponding respiratory
7Fig. 8. Vector fields for the phantom data: end-inspiration (left)
as reference with no motion, mid-expiration (middle) and end-
expiration (right) showing largest motion vectors. The vectors in
areas of the liver are pointing in cranial direction which is in
accordance with the phantom mechanics. The heart area shows
a cranio-lateral motion. This motion results from the diaphragm
motion pushing the heart compartment.
TABLE I
LIST OF VOLUNTEERS: AVG. RESPIRATORY FREQUENCY,
AVG. RESP. AMPLITUDE IN LIVER AREA AS MEASURED
MANUALLY AND DETERMINED FROM THE MOTION VECTOR
Volunteers avg. resp. freq. [Hz] avg. resp. amplitude [mm]
manual MVF
1 0.19 21.9 21.4
2 0.20 17.9 17.5
3 0.17 16.1 15.3
4 0.25 14.0 13.3
5 0.24 19.5 18.7
6 0.09 10.8 10.1
7 0.19 20.3 19.2
8 0.13 12.5 11.8
9 0.27 7.8 7.5
10 0.26 15.6 15.2
trace determined by PCA. Sampling frequency for
all three volunteers was 700 ms (volume repetition).
Especially volunteer 1 (top row of Figure 9) showed
a relatively irregular breathing pattern with shallow
phases of several seconds and changing amplitudes.
Figure 10 illustrates a volunteer scan with irreg-
ular breathing patterns. The first third of the scan
time showed normal breathing. In the second third
the volunteer was asked to breath deeply for five
cycles and then return to normal breathing. The
last third of the scan showed normal breathing but
with altered amplitudes and a slight baseline shift.
Respective vector fields corresponded well to the
respiratory trace and a manual determination of
respiratory amplitudes.
0 20 40 60 80 100 120 140 160 180
1
0.5
0
time [s]
n
or
m
.
am
p
li
tu
d
e
0 20 40 60 80 100 120 140 160 180
1
0.5
0
time [s]
n
or
m
.
am
p
li
tu
d
e
0 20 40 60 80 100 120 140 160 180
0
0.5
1
time [s]
n
or
m
.
am
p
li
tu
d
e
Fig. 9. Three examples of volunteer data (see Table I). Original
image data (left), PCA-based respiratory trace (middle), corre-
sponding motion vector field end-expiration to end-inspiration
(right). The respiratory traces shown here were picked from the
first principal-component of slice number 10. This slice position
is centered inside of the image volume and usually displays
the liver dome. The sampling frequency was 700 ms which
corresponded to the volume repetition time. Volunteer 1 (top
row) shows several episodes of shallow breathing with durations
between 5 and 10 s as well as shifting respiratory amplitudes.
IV. DISCUSSION
The MRI TurboFLASH sequence used within this
study has been proved to be capable of acquiring
data that can be used for 3D motion detection.
Its ability to acquire sharp and undistorted images
could be shown for phantom and volunteer data.
The unique feature of simultaneous PET and MRI
acquisition can be fully exploited to achieve an ex-
act motion detection with the help of the presented
MR-based methodology. This may be in particular
important for future generations of PET scanners
with increased spatial resolution where a precise
motion vector field may provide resolution enhance-
ments. This is in line with Polycarpou et al. who
state that motion correction is mandatory to benefit
from high-resolution PET systems [30]. Thus, it is
conceivable that an increasingly accurate motion
correction improves lesion detection accuracy in
high-resolution PET scanners.
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reference (1) normal (2) deep-breath (3) amplitude change
Action Vector lengths Ground-truth
(1) normal 13.6 ± 0.73 mm 14.0 mm
(2) deep-breath 34.7 ± 3.55 mm 35.0 mm
(3) amplitude change 17.1 ± 1.05 mm 17.5 mm
Fig. 10. Volunteer scan with changing respiratory trace. Top: PCA signal showing respiratory trace. 1/3 of the time the volunteer
showed relatively shallow breathing pattern which changed to deep breathing with large respiratory amplitudes, followed by a
shallow breathing pattern with slightly larger amplitude compared to the first part. Vector fields showed good accordance to the
respiratory trace. Bottom: Vector lengths at liver edge compared to manually determined maximum amplitude of liver edge.
However, due to the short TR the images show a
lack of contrast and SNR. In terms of contrast, a ra-
dial k-space sampling is beneficial over a cartesian.
In principal, the sequence can easily be modified
towards a radial sampling. Nevertheless, for our
purpose of tracking respiratory and cardiac motion
the contrast is sufficient as these types of motion
manifest with relatively high amplitudes over large
areas of the image (liver, lung, heart). Low contrast
properties of larger tissue areas could be even
beneficial for the hyper-elastic image registration
due to an equal distribution of intensity values.
At the moment, the sequence is implemented as
a separate scan in the imaging workflow. How-
ever, due to the low acquisition time of around
30 ms per image, it is easily conceivable that it
can be implemented as a 2D navigator-sequence
interlaced between the excitations of the clinical
sequences, similar to the approach in [31]. However,
one limiting factor could be that clinical sequences
have to be modified to incorporate this navigator
acquisition.
The sequence in combination with the proposed
scheme can also be used for the creation of a
MR-based motion model for the usage in hybrid
PET/MRI [17]. In a pre-trial we investigated how
much data has to be acquired to be able to create
10 respiratory gates which can be used for the
motion estimation. The overall scan time for the
acquisition of sufficient motion data is determined
to be around 30 s. This small amount of time does
not substantially increase the overall scan time, thus
does not increase patient’s distress. In combination
with a respiratory signal acquired throughout the
entire PET scan time (e.g. with external hardware,
data-driven methods, etc.), a motion model can be
created and used for the PET motion correction.
For the proposed scheme, we used 20 slices and
the vendor-provided interleaved acquisition scheme
with two slice-groups (even and odd slice num-
bers). However, expanding the scheme to three or
more slice groups could provide a super-resolution
approach, in which the signal is derived from the
sub-volumes which are then resorted and stitched
9together to create high-resolution volumes. This
could further increase imaging speed or enable more
slices increasing the spatial resolution.
In our approach, we used a PCA-based respira-
tory signal derivation. We have chosen this tech-
nique because the computational time for an entire
time series of 5000 3D volumes was measured
to be 9 seconds. We also tested an Independent
Component Analysis (ICA) to derive the signals.
However, the computational time for the same data
set was with 70 minutes substantially longer and
could not yield a crucial benefit over the very fast
PCA signal derivation. It still has to be further
investigated whether an alternative approach could
also detect the cardiac signal. As shown in [31],
second-order blind identification (SOBI) algorithm
can successfully separate respiratory and cardiac
signals.
As already mentioned in the introduction, com-
pressed sensing approaches can largely improve
noisy and artifact-corrupted data. These approaches
can also be applied to Cartesian MRI data. However,
the sampling of the k-space data has to be modified
to justify a pseudo-random sparsity necessary for
compressed sensing. The focus of this study is on
the post-processing of data that has already been
reconstructed on the scanner. In a future study, we
will also include reconstruction of the data into the
workflow integrating most of the post-processing
steps presented herein.
Furthermore, there are already numerous publi-
cations dealing with denoising of medical images
(or raw k-space in case of MRI) with the help of
machine learning, especially with neural networks,
e.g. [32], [33]. The technology is promising, as
neural networks can be trained with noisy and
noise-free images to learn the noise distribution
of the data presented. This way, the data can be
highly undersampled and still be reconstructed with
reasonable diagnostic quality.
V. CONCLUSION
In this study, we have developed a methodology
for generating continuous three-dimensional whole-
body MRI data which allows precise calculation
of motion vector fields that can be used for PET
motion correction in hybrid PET/MRI. The applied
MRI sequence set-up proposed herein has the ability
of acquiring sharp, undistorted images using very
short slice acquisition times. The post-processing
has been demonstrated to be capable of reliably
and automatically track respiratory motion via PCA
in periodically as well as irregular motion patterns
which can be utilized to generate continuous im-
age volumes. Validation of the approach using a
dynamic anthropomorphic thorax phantom renders
promising results for an exact, continuous motion
correction in simultaneous PET/MRI.
ACKNOWLEDGEMENTS
This study was partly supported by the Deutsche
Forschungsgemeinschaft (SFB 656), and the cluster
of excellence Cells-in-Motion (EXC 1003 – CiM).
The authors kindly thank the technician team Anne
Kanzog and Stanislav Milachowski for their tech-
nical support and Bjo¨rn Czekalla for his support
regarding phantom preparation.
REFERENCES
[1] F. Godenschweger, U. Ka¨gebein, D. Stucht, U. Yarach,
A. Sciarra, R. Yakupov, F. Lu¨sebrink, P. Schulze, and
O. Speck, “Motion correction in MRI of the brain.” Physics
in medicine and biology, vol. 61, no. 5, pp. R32–56, 2016.
[2] H. Chandarana, L. Feng, J. Ream, A. Wang, J. S. Babb,
K. T. Block, D. K. Sodickson, and R. Otazo, “Respira-
tory Motion-Resolved Compressed Sensing Reconstruction
of Free-Breathing Radial Acquisition for Dynamic Liver
MRI,” Investigative radiology, vol. 50, no. 11, p. 749, 2015.
[3] T. Zhang, J. Y. Cheng, A. G. Potnick, R. A. Barth, M. T.
Alley, M. Uecker, M. Lustig, J. M. Pauly, and S. S.
Vasanawala, “Fast pediatric 3D free-breathing abdominal
dynamic contrast enhanced MRI with high spatiotempo-
ral resolution,” Journal of Magnetic Resonance Imaging,
vol. 41, no. 2, pp. 460–473, 2015.
[4] J. Y. Cheng, T. Zhang, N. Ruangwattanapaisarn, M. T.
Alley, M. Uecker, J. M. Pauly, M. Lustig, and S. S.
Vasanawala, “Free-breathing pediatric MRI with nonrigid
motion correction and acceleration,” Journal of Magnetic
Resonance Imaging, vol. 42, no. 2, pp. 407–420, 2015.
[5] E. J. Zucker, J. Y. Cheng, A. Haldipur, M. Carl, and
S. S. Vasanawala, “Free-breathing pediatric chest MRI:
Performance of self-navigated golden-angle ordered con-
ical ultrashort echo time acquisition,” Journal of Magnetic
Resonance Imaging, vol. 47, no. 1, pp. 200–209, 2018.
10
[6] G. Li, J. Wei, D. Olek, M. Kadbi, N. Tyagi, K. Zakian,
J. Mechalakos, J. O. Deasy, M. Hunt, and A. A. Physi-
cist, “Direct comparison of respiration-correlated four-
dimensional magnetic resonance imaging (4DMRI) recon-
structed based on concurrent internal navigator and external
bellows HHS Public Access,” Int J Radiat Oncol Biol Phys,
vol. 97, no. 3, pp. 596–605, 2017.
[7] B. Dietz, B. G. Fallone, and K. Wachowicz, “Nomenclature
for real-time magnetic resonance imaging,” Magnetic Res-
onance in Medicine, vol. 81, no. 3, pp. 1483–1484, 2019.
[8] S. Zhang, A. A. Joseph, D. Voit, S. Schaetz, K.-D. Mer-
boldt, C. Unterberg-Buchwald, A. Hennemuth, J. Lotz,
and J. Frahm, “Real-time magnetic resonance imaging of
cardiac function and flow-recent progress.” Quantitative
imaging in medicine and surgery, vol. 4, no. 5, pp. 313–29,
2014.
[9] M. Uecker, S. Zhang, D. Voit, A. Karaus, K.-D. Merboldt,
and J. Frahm, “Real-time MRI at a resolution of 20 ms,”
NMR in Biomedicine, vol. 23, no. 8, pp. 986–994, 2010.
[10] R. D. Boutin, M. H. Buonocore, I. Immerman, Z. Ashwell,
G. J. Sonico, R. M. Szabo, and A. J. Chaudhari, “Real-
Time Magnetic Resonance Imaging (MRI) during Active
Wrist Motion—Initial Observations,” PLoS ONE, vol. 8,
no. 12, p. e84004, 2013.
[11] O´. F. Gonc¸alves, M. C. Batistuzzo, and J. R. Sato, “Real-
time functional magnetic resonance imaging in obsessive-
compulsive disorder,” Neuropsychiatric Disease and Treat-
ment, vol. 13, pp. 1825–1834, 2017.
[12] K. T. Block, H. Chandarana, S. Milla, M. Bruno, T. Mul-
holland, G. Fatterpekar, M. Hagiwara, R. Grimm, C. Gep-
pert, B. Kiefer, and D. K. Sodickson, “Towards Routine
Clinical Use of Radial Stack-of-Stars 3D Gradient-Echo
Sequences for Reducing Motion Sensitivity,” Journal of
the Korean Society of Magnetic Resonance in Medicine,
vol. 18, no. 2, p. 87, 2014.
[13] R. Grimm, S. Fu¨rst, M. Souvatzoglou, C. Forman, J. Hutter,
I. Dregely, S. I. Ziegler, B. Kiefer, J. Hornegger, K. T.
Block, and S. G. Nekolla, “Self-gated MRI motion mod-
eling for respiratory motion compensation in integrated
PET/MRI.” Medical image analysis, vol. 19, no. 1, pp.
110–20, 2015.
[14] C. Kolbitsch et al., “A 3D MR-acquisition scheme for
nonrigid bulk motion correction in simultaneous PET-MR,”
Med Phys, vol. 41, no. 8, p. 082304, 2014.
[15] C. Kolbitsch, M. A. Ahlman, C. Davies-venn, R. Evers,
M. Hansen, D. Peressutti, P. Marsden, P. Kellman, D. A.
Bluemke, T. Schaeffter, and P. Bundesanstalt, “Cardiac
and respiratory motion correction for simultaneous cardiac
PET-MR,” Journal of Nuclear Medicine, 2017.
[16] C. Kolbitsch, R. Neji, M. Fenchel, A. Schuh, A. Mallia,
P. Marsden, and T. Schaeffter, “Joint cardiac and respira-
tory motion estimation for motion-corrected cardiac PET-
MR,” Phys. Med. Biol, vol. 64, p. 12, 2019.
[17] J. McClelland et al., “Respiratory motion models: A re-
view,” Med Image Anal, vol. 17, no. 1, pp. 19–42, 2013.
[18] M. A. Griswold, P. M. Jakob, R. M. Heidemann, M. Nittka,
V. Jellus, J. Wang, B. Kiefer, and A. Haase, “Generalized
autocalibrating partially parallel acquisitions (GRAPPA),”
Magnetic Resonance in Medicine, vol. 47, no. 6, pp. 1202–
1210, 2002.
[19] K. Thielemans, S. Rathore, F. Engbrant, and P. Razifar,
“Device-less gating for PET/CT using PCA,” in 2011 IEEE
Nuclear Science Symposium Conference Record. IEEE,
2011, pp. 3904–3910.
[20] V. Gupta and M. Mittal, “Respiratory signal analysis using
PCA, FFT and ARTFA,” in 2016 International Conference
on Electrical Power and Energy Systems (ICEPES). IEEE,
2016, pp. 221–225.
[21] V. Hamy, N. Dikaios, S. Punwani, A. Melbourne,
A. Latifoltojar, J. Makanyanga, M. Chouhan, E. Helbren,
A. Menys, S. Taylor, and D. Atkinson, “Respiratory motion
correction in dynamic MRI using robust data decompo-
sition registration – Application to DCE-MRI,” Medical
Image Analysis, vol. 18, no. 2, pp. 301–313, 2014.
[22] L. Kaufman, D. M. Kramer, L. E. Crooks, and D. A. Or-
tendahl, “Measuring signal-to-noise ratios in MR imaging.”
Radiology, vol. 173, no. 1, pp. 265–267, 1989.
[23] F. A. Breuer, S. A. Kannengiesser, M. Blaimer, N. Seiber-
lich, P. M. Jakob, and M. A. Griswold, “General formu-
lation for quantitative G-factor calculation in GRAPPA
reconstructions,” Magnetic Resonance in Medicine, vol. 62,
no. 3, pp. 739–746, 2009.
[24] F. Knoll, K. Bredies, T. Pock, and R. Stollberger, “Second
order total generalized variation (TGV) for MRI,” Magnetic
Resonance in Medicine, vol. 65, no. 2, pp. 480–491, 2011.
[25] K. Bredies, K. Kunisch, and T. Pock, “Total generalized
variation,” SIAM Journal on Imaging Sciences, vol. 3,
no. 3, pp. 492–526, 2010.
[26] J. Modersitzki, FAIR: Flexible Algorithms for Image Reg-
istration. Philadelphia: SIAM, 2009.
[27] M. Burger, J. Modersitzki, and L. Ruthotto, “A Hyperelas-
tic Regularization Energy for Image Registration,” SIAM
Journal on Scientific Computing, 2013.
[28] F. Gigengack, L. Ruthotto, M. Burger, C. H. Wolters,
Xiaoyi Jiang, and K. P. Schafers, “Motion Correction in
Dual Gated Cardiac PET Using Mass-Preserving Image
Registration,” IEEE Transactions on Medical Imaging,
vol. 31, no. 3, pp. 698–712, 2012.
[29] K. Bolwin, B. Czekalla, L. Frohwein, F. Bu¨ther, and
K. Schafers, “Anthropomorphic thorax phantom for cardio-
respiratory motion simulation in tomographic imaging,”
Physics in Medicine and Biology, vol. 63, no. 3, 2018.
[30] I. Polycarpou, C. Tsoumpas, A. P. King, and P. K. Mars-
den, “Impact of respiratory motion correction and spatial
resolution on lesion detection in PET: a simulation study
based on real MR dynamic data,” Physics in Medicine and
Biology, vol. 59, no. 3, pp. 697–713, 2014.
[31] D. Rigie, T. Vahle, T. Zhao, B. Czekella, L. J. Frohwein,
K. Scha¨fers, and F. E. Boada, “Cardiorespiratory motion-
tracking via self-refocused rosette navigators,” Magnetic
Resonance in Medicine, 2019.
[32] P. Kaur, G. Singh, and P. Kaur, “A Review of Denoising
Medical Images Using Machine Learning Approaches,”
Current Medical Imaging Reviews, vol. 14, pp. 675–685,
2018.
[33] D. Jiang, W. Dou, L. Vosters, X. Xu, Y. Sun, and T. Tan,
“Denoising of 3D magnetic resonance images with multi-
channel residual learning of convolutional neural network,”
Japanese Journal of Radiology, vol. 36, no. 9, pp. 566–574,
2018.
